Abstract Process-based modeling of CH 4 and N 2 O emissions from rice fields is a practical tool for conducting greenhouse gas inventories and estimating mitigation potentials of alternative practices at the scale of management and policy making. However, the accuracy of these models in simulating CH 4 and N 2 O emissions in direct-seeded rice systems under various management practices remains a question. We empirically evaluated the denitrification-decomposition model for estimating CH 4 and N 2 O fluxes in California rice systems. Five and nine site-year combinations were used for calibration and validation, respectively. The model was parameterized for two cultivars, M206 and Koshihikari, and able to simulate 30% and 78% of the variation in measured yields, respectively. Overall, modeled and observed seasonal CH 4 emissions were similar (R 2 = 0.85), but there was poor correspondence in fallow period CH 4 emissions and in seasonal and fallow period N 2 O emissions. Furthermore, management effects on seasonal CH 4 emissions were highly variable and not well represented by the model (0.2-465% absolute relative deviation). Specifically, simulated CH 4 emissions were oversensitive to fertilizer N rate but lacked sensitivity to the type of seeding system (dry seeding versus water seeding) and prior fallow period straw management. Additionally, N 2 O emissions were oversensitive to fertilizer N rate and field drainage. Sensitivity analysis showed that CH 4 emissions were highly sensitive to changes in the root to total plant biomass ratio, suggesting that it is a significant source of model uncertainty. These findings have implications for model-directed field research that could improve model representation of paddy soils for application at larger spatial scales.
Introduction
Conventional agriculture is now the largest anthropogenic source of methane (CH 4 ) and nitrous oxide (N 2 O) emissions [Ciais et al., 2013] . Emissions of CH 4 are mainly due to livestock rearing and rice (Oryza sativa L.) cultivation, whereas N 2 O emissions are mainly due to extensive use of chemical fertilizer inputs. Greenhouse gas (GHG) emissions from the agricultural sector account for only 10-12% of total anthropogenic GHG emissions (CH 4 , N 2 O, and CO 2 ) [Smith et al., 2007] but are responsible for 38% and 59% of global anthropogenic CH 4 and N 2 O emissions, respectively [Ciais et al., 2013] . Therefore, CH 4 and N 2 O are the most prominent GHGs in agriculture, with radiative forcing potentials of 34 and 298 times greater than CO 2 on a 100 year timescale [Myhre et al., 2013] , respectively. Also, agricultural soils have high potential for GHG mitigation as agriculture accounts for 40-50% of global land surface area [Smith et al., 2007] . Clearly, a major challenge for agriculture is to decrease the emission of non-CO 2 GHG while sequestering C in the soil to mitigate climate change.
It is important to consider both CH 4 and N 2 O in evaluating GHG mitigation potentials of management strategies for rice cultivation. In general, the contribution of CH 4 emissions to the net global warming potential of rice systems outweighs N 2 O due to the favorably low redox conditions for CH 4 production in continuously flooded rice paddies [Linquist et al., 2012b; Hou et al., 2000] . In O 2 -depleted soil conditions, methanogenic bacteria decompose organic matter, with the symbiotic cooperation of other bacteria types (i.e., hydrolytic and fermenting bacteria), producing CH 4 [Conrad, 2005] . The fate of CH 4 is either oxidation to CO 2 by methanotrophic bacteria depending on the presence of O 2 [Eller and Frenzel, 2001] or release to the atmosphere via diffusion, ebullition, or transport through the aerenchyma system of the rice plants [Holzapfel-Pschorn et al., 1986; Tyler et al., 1997; Yu et al., 1997] . Emissions of N 2 O generally occur under moderate soil moisture conditions when redox levels are not sufficiently low for complete denitrification to occur [Ciarlo et al., 2007] .
Thus, in rice systems N 2 O emissions tend to occur in discrete peaks during field drainage cycles or precipitation events when fields are already drained Pittelkow et al., 2013] . As a result, CH 4 and N 2 O emissions generally have an inverse relationship [Hou et al., 2000] . Thus, mitigation practices that target CH 4 emissions alone (e.g., dry seeding, midseason drainage, alternate wet drying) may have potential to increase N 2 O emissions substantially.
The Intergovernmental Panel on Climate Change (IPCC) has established methodologies for calculating GHG emissions with various levels of complexity [Lasco et al., 2006] , ranging from Tier 1, default emission factors for specific management practices, to Tier 3 approaches that utilize process-based models that attempt to account for the interrelationships and interactions between management practices, site-specific properties, and the biogeochemical processes involved. The effects of management practices on CH 4 and N 2 O emissions are strongly affected by the soil environment and climate in which they are tested. Various process-based models, including "denitrification-decomposition" (DNDC) [Li, 2000] , have been developed and tested to predict trace gas emissions from individual agricultural fields with the capacity to scale up to regional and national levels.
In the U.S., California is the first state to pass legislation (Global Warming Solutions Act of 2006, Assembly Bill 32) setting an enforceable cap on statewide GHG emissions from major industries, with penalties for noncompliance, which has produced a C market for offset projects in industry. A GHG emissions accounting protocol for rice cultivation (i.e., Rice Cultivation Project Protocol, version 1.1, 2013), available from the Climate Action Reserve (http://www.climateactionreserve.org/), is one of the offset projects under development. In the U.S., rice cultivation is specifically responsible for 3.7% of agricultural CH 4 emissions with a current estimate of 0.3 Tg CH 4 yr À1 [United States Environmental Protection Agency, 2014]. The process-based DNDC model is proposed for use to estimate GHG mitigation potentials of C offset projects. The ultimate application of DNDC is scaling up from site mode to simulate trace gas emissions at regional levels. However, an evaluation of its strengths and limitations at the field scale using independent validation data is needed before predictions of C offsets at the field scale or GHG inventories at the national level can be made with confidence. The environmental success of the C trading market and its protocols for quantifying C offsets will depend on accurate estimates of GHG emissions.
Previous studies have tested DNDC against field observations of (a) seasonal CH 4 emissions from transplanted rice systems in India [Babu et al., 2006; Pathak et al., 2005] , China, and Thailand [Li et al., 2002; Cai et al., 2003] , as well as direct-seeded rice systems in Italy [Li et al., 2002] and U.S. [Li, 2000; Li et al., 2002] , and (b) seasonal N 2 O emissions from transplanted rice systems in India [Babu et al., 2006; Pathak et al., 2005] and China . The studies had varying levels of success and detail in the methods of calibration and validation. To the best of our knowledge, no model has been calibrated and validated for direct-seeded rice systems with different N fertilizer, establishment systems (water seeded and dry seeded), and fallow period straw and water management in the U.S. moisture level, while the decomposition and plant growth submodels predict concentrations of dissolved organic carbon (DOC) or other substrates (NH 4 + , NO 3 À , CO 2 , and H 2 ) through feedback from the microbeoriented submodels. The modeled substrates play a key role in GHG production and consumption. A simple kinetic scheme called "anaerobic balloon" was developed in DNDC to link the substrate concentrations to GHG production [Li et al., 2004; Li, 2007] . The size of the anaerobic balloon (or volumetric portion of anaerobic microsites) is determined by soil Eh, a function of concentrations of the substrates serving as electron donor (e.g., DOC and H 2 ) or electron acceptor (e.g., O 2 and NO 3 À ). Based on thermodynamic theory of sequential reduction of oxidants according to their redox potential [Ponnamperuma, 1981; Zehnder and Stumm, 1988] , each oxidant has its own anaerobic balloon whose size is driven by soil concentrations of O 2 , NO 3 À , Mn 4+ , Fe 3+ , SO 4 2-, and CO 2 , consecutively with decreasing soil Eh from 650 to À150 mV.
The Nernst equation is used to estimate Eh:
where Eh is soil redox potential (V), E 0 is standard redox potential (V), [Rd] is concentration of reductive species of dominant oxidant (mol L À1 ), [Ox] is concentration of oxidative species of dominant oxidant
, n is number of exchanged electrons, and m is number of exchanged protons. The modeled Eh determines the occurrence of oxidation-reduction reactions. When the soil Eh changes, the size of the anaerobic balloon will shrink or swell to allocate the relevant substrates inside and outside the balloon for anaerobic and aerobic processes, respectively.
As a common energy source for most microbes, DOC availability is important in controlling most of the microbe-mediated redox reactions in the soil. In DNDC, DOC is assumed to come from two sources, soil organic carbon (SOC) decomposition and root exudation, which are quantified with the decomposition submodel [Li et al., 1992] and the plant growth submodel, respectively. The plant-derived DOC is empirically calculated as follows:
where DOC r is DOC produced from root exudation (kg C ha À1 d À1 ), PGI is plant growth index (0-1), and R is root biomass (kg C ha À1 ). In DNDC, DOC can be also produced from decomposition of SOC. The rate of decomposition of SOC is described by first-order kinetics for each of the SOC pools (i.e., plant residue, humads, and humus) in DNDC. Each SOC pool decomposes independently and is affected by soil clay content, C to N ratio of bulk soil organic matter, temperature, and moisture [Li et al., 1992] .
where Δ[SOC i ] is the decomposition rate of the sub-SOC pool i (mol C m À3 s
À1
), μ clay is the clay content reduction factor, μ C:N is the C to N ratio reduction factor, μ t,m is the combined temperature and moisture reduction factor, S is the organic C content in pool i (mol C m À3 ), and k i is the specific decomposition rate of pool i (s
).
In DNDC, the decomposed SOC is partitioned to microbial biomass and DOC based on the concept of microbial efficiency. The value of microbial efficiency adopted in DNDC is 0.2, which allocates 20% of the decomposed SOC to microbial biomass and 80% to the DOC pool. DOC is highly mobile in the soil profile as it can be utilized as an energy source by a wide range of microbes in soil and oxidized to CO 2 . However, an instantaneous pool of DOC exists, whose size is determined by the balance between the production and consumption rates of DOC in the soil [Li et al., 1992 [Li et al., , 1994 .
Under anaerobic conditions, fermentation and syntrophy of DOC lead to productions of acetate (CH 3 COO À ), CO 2 , and H 2 , which are three precursors of CH 4 production. As DNDC does not simulate fermentation and syntrophy separately, the two phases are combined into one as anaerobic decomposition of DOC. First, DNDC calculates the rate of production of the monosaccharide portion of DOC, i.e., glucose (C 6 H 12 O 6 ), using Michaleis-Menten kinetics: times the rate of production of C 6 H 12 O 6 , respectively.
Another source of CO 2 is from plant root respiration, which is empirically calculated as follows:
where CO 2 root is CO 2 production derived from root respiration (kg C ha À1 d
), R is plant root biomass (kg C ha À1 ), and F age is the effect of plant growth stage.
In DNDC, CH 4 is produced through acetotrophic or hydrogenotrophic methanogenesis. The MichaelisMenten equation is utilized in DNDC to calculate the rates of these two CH 4 -producing reactions, as follows:
where V CH4-a is CH 4 production rate from acetotrophic methanogenesis (mol m is sensitive to temperature with Q 10 = 4.6, and
where V CH4-b is CH 4 production rate from hydrogentrophic methanogenesis (mol m À3 s
), V max-b is maximum CH 4 production rate from hydrogentrophic methanogenesis (mol m À3 s
), k mb1 and k mb2 are the concentrations of CO 2 and H 2 , respectively, at half of the maximum CH 4 production rate (mol m À3 s
), and [CO 2 ] and [H 2 ] are CO 2 and H 2 concentrations (mol m À3 s À1 ), respectively. Due to lack of experimental data to differentiate the constants V max and k ma by methanogenesis pathway in the aforementioned equations, the same constant values are used in both equations. Lastly, total daily CH 4 production rates are calculated by summing the acetate-induced and H 2 -induced CH 4 production rates.
The total CH 4 in each soil layer that is allocated to outside of the anaerobic balloon will be oxidized at the rate calculated as follows:
where ).
The CH 4 produced in the anaerobic soil profile can be transported to the atmosphere through three channels: diffusion, ebullition, and plant vascular transport. Diffusion of CH 4 in the soil liquid phase across the simulated soil layers is driven by the CH 4 concentration gradient between the layers and calculated as ) and T is soil temperature (°C). Note that ebullition is assumed to be independent from soil texture. Hydrophytes possess vascular structure that constitute a channel for CH 4 in the soil profile to escape to the atmosphere,
where FLUX pl is CH 4 flux through plant transport (kg C ha À1 d À1 ), [CH 4 ] is CH 4 concentration in soil (kg C ha À1 ), R is plant root biomass (kg C ha À1 ), and V as is plant vascularity index (0-1). Thus, daily total CH 4 emission is the sum of the CH 4 emitted through diffusion, ebullition, and plant-mediated transport.
N 2 O is an intermediate of denitrification or nitrification reactions depending on the soil Eh. DNDC simulates the sequential reactions of denitrification from nitrate (NO 3 À ) to N 2 gas.
The rate of each step of denitrification is a function of the growth rate of the respective denitrifier population. The denitrifier growth dynamics are calculated in the following order of steps based on the Michaelis-Menten kinetics: ) of denitrifiers is calculated as
where F pH-NO3 , F pH-NO2 , F pH-NO , and F pH-N2O are factors accounting for soil pH effects on relative growth rates of NO 3 À , NO 2 À , NO, and N 2 O denitrifiers, respectively:
Death rate of denitrifiers is calculated as
where (dB/dt) d is death rate of denitrifiers (kg C m À3 h À1 ), M c is maintenance coefficient of denitrifiers (kg C/kg C/h), Y c is DOC released from death of denitrifiers (kg C/kg C), and B(t) is biomass of 
where
, wfps is the fraction of water-filled pore space, and F T is the effect of temperature (°C). The R N is a function of concentration of ammonium (kg N ha À1 ), biomass of nitrifiers (kg C ha
), and soil pH, which limit maximum nitrification rate.
Daily N 2 O production is the sum of the modeled daily N 2 O production from denitrification and nitrification. Daily N 2 O emission is calculated with a simplified gas diffusion routine empirically developed in DNDC: 
, clay is fractional soil clay content, T is soil temperature (°C), and PORO is soil porosity.
Model inputs include daily climate (e.g., air temperature, precipitation, wind speed, solar radiation, and humidity), soil physical and chemical properties (e.g., texture, bulk density, hydraulic conductivity, pH, soil organic C content and C:N ratio, and mineral N content), and crop parameters (e.g., plant biomass fractions and C:N ratios of grain, leaf, stem, and root; maximum yield; thermal degree days to maturity; optimum temperature; and nitrogen fixation index) and management schedules (e.g., dates of seeding, harvest, tillage, irrigation, and fertilizer application).
Site Descriptions
Here we synthesized all of the published data available in California rice systems for which adequate input data are available for site-level modeling. The data used to calibrate and validate the DNDC model came from eight field experiments (designated F1, F2, F3, F4, F5, F6, F7, and F8) distributed throughout the Sacramento Valley of California in the U.S. (Figure 1 ). The California rice-growing region is characterized by a Mediterranean climate with hot summers and the majority of rainfall occurring in winter months. Measured soil properties are summarized in Table 1 . Default soil hydraulic input parameters were set based on soil texture, as they were not measured at any of the sites. Detailed management routines were obtained from the publications, directly from the authors, and/or estimated based on conventional management practices and weather data for that location. Experimental treatments and field management are described in Table 2 . Key crop information obtained from each site included cultivar type, seeding and harvest dates, N fertilizer input, and fraction of straw left in the field after harvest. Depending on the cultivar grown, a specific set of crop input parameters was determined and further adjusted through the model calibration (Table 3) . Detailed management routines, including dates and methods of tillage, irrigation, and fertilizer application, were also obtained. Additional details of the experiments can be found in their respective publications [Lauren et al., 1994; Bossio et al., 1999; Fitzgerald et al., 2000; Adviento-Borbe et al., 2013; Pittelkow et al., 2013 Pittelkow et al., , 2014b Simmonds et al., 2015] . Briefly, the data represented a range of N fertilizer rates (i.e., 0 to 260 kg N ha À1 ) and seeding systems (i.e., water seeded or dry seeded), with distinct fallow period straw and water management regimes (i.e., straw burning, straw incorporation, and with and without flooding).
Model Calibration
DNDC was calibrated for a high-yielding, semidwarf rice cultivar (M206) and a traditional cultivar (Koshihikari) using field-based measurements of grain, stem, leaf, and root biomass, and corresponding C to N ratios. Plant samples were collected from four field experiments (five site-year combinations) Pittelkow et al., 2013; Simmonds et al., 2015] and are summarized in Table 3 . The data were used for the calibration of two unique sets of cultivar-specific input parameters in the crop growth submodel. The model was constrained using these measurements within 1 standard deviation (SD) of the pooled average of two field experiments planted to M206 (three site-year combinations) and three field experiments planted to
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Koshihikari (three site-year combinations) (Table 3) . A similar cultivar to M206 (i.e., M202) was grown at three of the sites used in the model validation (Table 2) . For these sites a modified version of the M206 calibration was used (Table 3) . While aboveground biomass data were based on samples collected at harvest, root samples were collected immediately prior to field drainage, which was between 115 days and 132 days after seeding, depending on the location. We assumed that root biomass declined by 25% due to root senescence during the period from drainage to harvest (18 to 42 days after drainage), which is within the range of root biomass decay from the ripening stage to harvest reported by Baruah et al. [2010] for both traditional and high-yielding varieties. Additionally, grain, leaf, and stem ratios were adjusted to reflect observed pooled mean harvest index across sites.
An iterative approach was used to tune the crop input parameters that were not measured (i.e., maximum grain yield, optimal temperature, and thermal degree days to maturity). Once all site-specific climate, soil, and management details (seeding, harvest, tillage, fertilization, and flooding), as well as the measured cultivar-specific crop parameters, were set in the model, optimal temperature and thermal degree days to maturity were each set to a single value for M206 and Koshihikari that optimized agreement between observed and simulated yield across all site-treatment combinations designated for calibration (Table 2) . Thus, the two sets of cultivar-specific crop parameters were calibrated in this study. The maximum C yield ) [Ladha et al., 2000] .
Daily weather data, including maximum and minimum air temperature, precipitation, wind speed, radiation, and humidity, were obtained from the California Irrigation Management Information System database (cimis.water.ca. gov) using the closest weather station to each study site with the most complete data set. Annual precipitationweighted N concentrations (NH 4 + + NO 3 À ) in rainfall were obtained from the National Trends Network of the National Atmospheric Deposition Program (nadp.sws.uiuc. edu), using the station located in Yolo County, California. In the case of the atmospheric background NH 3 concentration parameter, the default value (0.06 μg N m À3 ) was used for all study sites.
Soil input parameters were modified for each study site and included soil bulk density, clay content, texture, pH, organic carbon, nitrate, ammonium, and carbon to nitrogen ratio of soil organic matter. These data were obtained from the published literature for each experiment or from personal communications, including replicate observations (Table 1) . DNDC default values for soil NO 3 À and NH 4 + concentrations (0.5 mg kg À1 and 0.05 mg kg À1 , respectively) were used at F5-F8 due to unavailability of data.
Site-specific management input parameters were used and included timing of seeding and harvest and fraction of straw left in the field postharvest; timing and depth of tillage; timing, type, and depth of fertilizer application; and dates of flooding and draining using the conventional 10 cm surface water depth option. These data were obtained from the published literature for each experiment or through personal communications. In the case that detailed management events were not available, management input parameters were estimated based on a combination of considerations: knowledge of the field At the sites where M202 cultivar was grown (Table 2) , maximum yield was set to 4768 kg C ha site, including daily weather and historic management practices, and recommendations for the region and the type of seeding system (http://coststudies.ucdavis.edu).
Model Validation and Performance Tests
Major model modifications related to crop growth and CH 4 production and oxidation have been made in recent years. All the internal parameters were fixed without any changes during the applications of DNDC for this study. The calibrations conducted in this study only focused on the external parameters such as crop parameters or soil properties. Unless otherwise noted, all results and discussion of observations and model performance exclude the calibration data points. The validation data set we used represents seven fields (nine site-year combinations) distributed across the major rice-growing region in California. We estimated cumulative seasonal and fallow period emissions using linear interpolation of the daily fluxes. Thus, depending on the exact range of dates used in the calculations, our cumulative flux values may differ slightly from the published values. We evaluated the predictive ability of the DNDC model for estimating grain yield of the selected two cultivars (M206 and Koshihikari) and seasonal and fallow period CH 4 and N 2 O emissions. We determined the mean squared deviation (MSD) between modeled and observed values and partitioned it into three distinct and meaningful components: lack of correlation, nonunity slope, and squared bias [Gauch et al., 2003] :
where RMSD is the root-mean-square deviation, X and Y are simulated and observed values, respectively, N = number of observations, and n = 1, 2, …, N.
Sensitivity analyses were performed for CH 4 emissions only, due to the relative importance of CH 4 to net soil GWP in rice systems and to the poor validation of N 2 O emissions. The sensitivity of model predictions of seasonal CH 4 emissions to soil bulk density, root to total plant biomass ratio, and the N 2 fixation parameter were evaluated at one of the field sites where several seeding systems were tested (water-seeded conventional, dry-seeded stale seedbed, and water-seeded stale seedbed) [Pittelkow et al., 2014b] (Tables 1 and 2 ). These parameters were chosen based on the uncertainty and/or variability of their values in cultivated agricultural soils. The range of potential parameter values for soil bulk density [Bossio et al., 1999; Adviento-Borbe et al., 2013] and root to total plant biomass ratio [Bossio et al., 1999; Simmonds et al., 2015] were set based on the measured range of their values in California paddy soils, which in some cases included À1 SD of mean measured values. Due to lack of data from U.S. rice systems, the range of potential parameter values used for the N 2 fixation index was based on studies in Asia under a variety of fertility treatments [Peoples and Craswell, 1992; Ladha et al., 2000] .
Results
Crop Growth Simulation
Differences in modeled and observed total plant N in biomass of Koshihikari and M206 were within 59 kg N ha À1 throughout the growing season across all calibration plots at F1, F3, and F5 in 2011 (Figure 2 ).
Accumulation of C and N in root tissue over time followed the observed seasonal patterns with most predictions within < 30% of measurements (Figure 3 ). However, simulated root C at midtillering was overestimated at all sites by 33% to 184%, but model predictions improved after this (Figure 3 ). Simulated straw (leaf + stem) N deviated from measurements by 26% on average across all sites with the greatest overestimation at midtillering (Figure 3 ). The greatest discrepancy in simulated plant C dynamics was in accumulation of C in straw biomass, which was overestimated from midtillering to heading in all cases. However, simulated straw C improved later in the season with 31% average absolute relative deviation across all sites at field drainage and maturity. Modeled C accumulation in grain started within 13 days to 32 days prior to the observed heading dates across all sites (Figure 3 ) (heading dates not shown for F1 or F5). Grain C at harvest was predicted well for Koshihikari at F5 and M206 at both F1 and F3 (<8.2% absolute relative deviation), but the model overestimated grain C for Koshihikari at F3 by about 1.1 Mg C ha À1 .
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Observed yields in the validation data set ranged from 1.4 to 5.0 Mg C ha À1 across management treatments and sites (Figure 4 ). On average, yield predictions for each treatment had an absolute relative deviation of 19.8%. For M206 and Koshihikari, the model was able to simulate 30% and 78% of observed variation in yields, respectively, with an RMSD of 0.90 Mg C ha À1 (N = 14) and 0.69 Mg C ha À1 (N = 8), respectively ( Figure 4) . The greatest proportion (70.4%) of variance was due to lack of correlation (80.5%) for M206 and to nonunity slope (69.6%) for Koshihikari. The discrepancy between simulated and observed was generally greater at higher observed yield levels, with the majority of predictions overestimating yield, particularly for Koshihikari. While yield predictions at F1, F4, F5, and F8 were not biased to overestimate or underestimate across all treatments, yield at F6 was underestimated and F2 was overestimated in all cases (Figure 4 ).
Methane Emissions
While there was poor correlation between observed and modeled fallow period CH 4 emissions (R 2 = 0.13; RMSD = 31.1 kg CH 4 -C ha À1 ), the model predicted growing season CH 4 emissions reasonably well (R 2 = 0.85; RMSD = 66.8 kg CH 4 -C ha À1 ) across seven study sites (N = 28) with both water-and dry-seeded systems and various N fertilizer rates and straw and water management practices ( Figure 5 ). Site average seasonal CH 4 emissions across years ranged from 14 kg CH 4 -C ha À1 to 477 kg CH 4 -C ha À1 , while simulated averages ranged from 14 kg CH 4 -C ha À1 to 646 CH 4 -C ha
À1
. Management-specific growing season emissions ranged from 10.9 kg CH 4 -C ha À1 to 512 kg CH 4 -C ha À1 across this validation data set, and on average, predictions of treatment means had an absolute relative deviation of 60.1% (Table 4) . Within sites, the accuracy of modeled seasonal CH 4 Sampling dates correspond to (first to last) midtillering, panicle initiation, heading, field drainage, and maturity, except at F1 and F5 where there was no measurement at heading. Note that these data are from the calibration data set, and the root portion of the final total plant N observation is extrapolated from the previous measurement at drainage.
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emissions among the different management treatments varied ( Figure 6 and Table 4 ). For example, in the sideby-side comparison of water-seeded, with stale seedbed or conventional tillage, and dry-seeded stale seedbed systems at F2, the model was unable to capture the magnitude of the mitigation effect of the dry-seeded system compared to the water-seeded systems (49-50% lower seasonal CH 4 emissions observed). However, there was no apparent bias in overestimating or underestimating CH 4 emissions at sites that were all water seeded (F1, F6, and F7) or dry seeded (F4 and F5). Across all sites with N fertilizer treatments (F1, F2, and F5), the simulated response to N rate was greater than what was observed; the model simulated a large increase in CH 4 emissions from soils without N fertilizer to those with N fertilizer added (i.e., from 0 kg N ha À1 to either 80 or 100 kg N ha
À1
). However, similar to observations, the modeled N fertilizer effect was not linear; above a certain midrange N rate, simulated CH 4 emissions declined and/or were stabilized at the highest N rates of 200 or 260 kg N ha
. Across all sites with varying fallow period straw and water management practices (F6-F8), modeled seasonal CH 4 emissions were similar (i.e., not sensitive to different practices) following both straw burning and straw incorporation and winter flooding and no winter flooding, which agreed with two of the four site-year combinations (F8 and the first year at F7) where no statistically significant differences (F1, F2, F4, F5, F6 , and F8). M206 and Koshihikari cultivars are represented by the white and black symbols, respectively. Note that study sites that grew M202 (F6 and F8) were simulated using a modified M206 calibration (see Table 3 ) and are represented by the M206 symbol. Root-mean-square deviation (RMSD) equates to deviations about the 1:1 line of equality, which is divided into three components: the squared bias (SB), nonunity slope (NU), and lack of correlation (LC). were observed. However, the model was unable to capture the higher seasonal CH 4 emissions observed when no winter flooding preceded the growing season (second year at F7) or the lower seasonal CH 4 emissions observed when straw was burned compared to incorporated (F6 and second year at F7) ( Figure 6 and Table 4 ).
The general temporal pattern of observed CH 4 efflux during the growing season was characterized by an increase in CH 4 emissions of variable duration, followed by a decline starting sometime between panicle initiation and flowering (Figure 6 ). The CH 4 efflux started sometime within 2 months after the initial permanent flood. Spikes in CH 4 emissions were observed following field drainage at the end of the growing season. Agreement between modeled and observed seasonal patterns was highly variable across sites and treatments. For example, the simulation of the initial increase in CH 4 emissions at F2 was closer to the observed fluxes in the dry-seeded treatment (51% average absolute relative deviation) than for the two water-seeded treatments, for which the increase in CH 4 emissions was underestimated by 95% on average due to a delay in the increase. At F8 seasonal CH 4 patterns were poorly simulated for both straw-incorporated and straw-burned treatments due to a delay and overestimation of the extent of the ) equates to deviations about the 1:1 line of equality, which is partitioned into three components: the squared bias (SB), nonunity slope (NU), and lack of correlation (LC). M206 and Koshihikari cultivars are represented by the white and black symbols, respectively. Note that the sites that grew M202 (Table 2) were simulated using a modified M206 calibration (Table 3) and are represented by the M206 symbol.
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increase in CH 4 emissions. Similarly, there was a delay in simulated CH 4 emissions for all N rate treatments the second year at F1, resulting in delayed peak emissions during the flooded period.
Fallow period CH 4 emissions remained relatively low across all treatments and sites, with the exception of the straw-incorporated treatment at F7 (Figure 6 ). In general, the temporal patterns of CH 4 emission observations during the fallow period were poorly simulated, particularly for cases with winter flood management. Two major discrepancies in the simulations were the rapid increase in CH 4 fluxes during the first couple of months of the winter flood, which was not observed at any of the sites (F1, F4, F5, and F7), and the missed spikes in CH 4 emissions following field drainage in the spring. Additionally, in one case, fallow period CH 4 emissions were greatly underestimated for the last couple of months of the fallow season flood for the treatment with straw incorporated.
The sensitivity to soil bulk density, root biomass ratio, and N 2 fixation parameters was tested at the F2 study site for the three seeding systems (Tables 5-7). As bulk density increased from 0.51 to 1.53 g cm À3 (±50% of the measured value of 1.02 g cm
À3
), seasonal CH 4 emissions decreased (Table 5) . While the sensitivity in soil bulk density in the water-seeded conventional system ranged from +17% to À15% the baseline value, the 
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effect in the two stale seedbed systems was minimal (+3.1% to À1.2%). There was a positive correlation between the ratio of root C to total plant C and seasonal CH 4 emissions. Changes of ±50% of the root C ratio (0.09 for M206) resulted in large changes in seasonal CH 4 emissions across all three seeding systems (À61% to +183% on average) ( Table 6 ). The relationship between the N 2 fixation index and seasonal CH 4 emissions Table 2 ) at F1, F2, and F4-F8. Flooded periods for all treatments are represented by the light grey shaded areas for all sites except F2 and F7; at F7 light grey represents flooding for all treatments, while dark grey represents fallow period flood treatments (FF), and at F2 the dark grey shaded areas represent flooding for the drill-seeded stale seedbed treatment (DSSSB), while both the dark grey and light grey represent flooding for the water-seeded treatments (WSCON and WSSSB). Note that both 100N treatments (100 kg N ha À1 ) at F4 and F5 were used for calibration only.
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was less straightforward and depended on the seeding system. Similar to the other two parameters, model sensitivity was greatest in the water-seeded conventional system; with a À10% change in the N 2 fixation index (i.e., 6% plant N from N fixation), seasonal CH 4 emissions increased by 164% (Table 7) . Across all seeding systems, there was a decline (À4.2 to À20%) in seasonal CH 4 emissions with a 10% increase in the N fixation index (i.e., 30% plant N from N 2 fixation). However, at higher N 2 fixation levels there was minimal additional effect on CH 4 emissions across all seeding systems.
Nitrous Oxide Emissions
Observed cumulative N 2 O emissions were minimal during the rice growing season and winter fallow period, ranging from 0.03 to 1.6 kg N 2 O-N ha À1 and from 0.1 to 0.6 kg N 2 O-N ha À1 , respectively, across three study sites (N = 15) to which a gradient of N fertilizer rate treatments were applied ( Figure 5 and Table 8 (Table 8 ). Daily and cumulative N 2 O emissions were overestimated in most cases, particularly at higher N fertilizer rates (Figure 7 ). The timing of some peaks following field drainage events ( Figure 7 ) and during precipitation events (precipitation data not shown) were captured fairly well. However, most fluxes were either missed by the model or occurred when no fluxes were observed, particularly when fields were initially flooded at the water-seeded site (F1) and during the early-season flush irrigation events at the dry-seeded sites (F4 and F5).
Discrepancies between simulated and observed seasonal N 2 O emissions were highly variable across all N fertilizer treatments, including the 0N controls, with a range of 54% to 1425% absolute relative deviations (Table 8) . The model captured the observed stimulatory effect of N fertilizer additions on growing season (Table 2) at F1, F4, and F5 (Table 1) . Flooded periods are represented by the shaded area. Note that both 100N treatments at F4 and F5 were used for calibration only.
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N 2 O emissions at F1 and F4. However, fertilizer N-induced N 2 O emissions were also predicted at F5, but the effect was not observed there ( Figure 8 and Table 8 ). Across sites, observed and simulated fertilizer N-induced N 2 O emission factors ranged from 0% to 0.8% and from 0.01% to 2.5%, respectively (Figure 8 ). The model overestimated the N fertilizer contributions to seasonal N 2 O emissions, especially at the highest N rates at all sites except F4. The model generally simulated increasing emission factors with increasing N rates across all sites, but this relationship was only observed at the water-seeded site F1, and not at either of the dryseeded sites. Observed N fertilizer contributions to seasonal N 2 O emissions were negligible at F5 regardless of the rate of fertilizer application (fertilizer N-induced N 2 O emission factors less than 0.02%).
Discussion
We tested the process-based model, DNDC, against measured growing season and fallow period emissions of CH 4 from seven rice fields (three of which also had N 2 O data) representing a wide range of soil types, weather patterns (seven distinct years between 1992 and 2012), and varying management practices in the primary rice-growing region in California, USA. This is the first study to evaluate the model performance of DNDC in simulating CH 4 and N 2 O emissions within direct-seeded rice systems, during the growing season and fallow period, and in a Mediterranean climate.
Seasonal CH 4 Emissions
Eighty-five percent of variation in seasonal CH 4 emissions was predicted across soil types at both waterseeded and dry-seeded sites ( Figure 6 ) yet with some exceptions and discrepancies for particular management treatments within each site (e.g., straw burned and dry seeded). Half of all the simulations of seasonal CH 4 emissions across sites had absolute relative deviations < 32% (N = 28), and all nine site-years had at least one treatment with an absolute relative deviation < 29%, with only two exceptions (F6 and the first year at F7) (Table 4) .
Similarly, Cai et al. [2003] found all DNDC simulations of seasonal CH 4 emissions from eight field sites across China to have < 33% absolute relative deviation (N = 17), whereas across four sites in Thailand (N = 6) there was only one case with absolute relative deviation < 33%. However, the flux data tested by Cai et al. [2003] were not all comparisons of treatments within the same sites; only four direct comparisons were made between treatments within the same site and year in China. Thus, there was potential for overfitting the model to a particular treatment or management routine within a site. In the present study, observed data showed that the response of seasonal CH 4 emissions to the different management treatments (N fertilizer application rate or fallow period straw and water management) were highly variable across sites, which may be attributed to site by management treatment interactions, as well as in-field spatial heterogeneity of soil properties, such as soil organic C, pH, and temperature [Simmonds et al., 2013] . We also found that model sensitivity to one-at-a-time changes to three input parameters (i.e., soil bulk density, root C biomass to total plant C ratio, and N 2 fixation index) at the F2 site, under the three distinct seeding systems, depended on the type of seeding system. This suggests an interaction between the management practice and the crop and soil input parameters. 
. Effect of N Fertilizer Rate on Growing Season Emissions
The model predicted a wider range in seasonal CH 4 emissions than observed within all three of the sites with N fertilizer rate treatments (F1, F4, and F5), suggesting that the model is oversensitive to N fertilizer rates. However, this did not necessarily lead to large discrepancies in overall cumulative emissions at these sites, as was the case at F4 which had the lowest absolute relative deviation between site average of observed treatments and site average of modeled treatments (1.6%). Rather, the level of model sensitivity was inconsistent across the sites, showing an interaction among the site-specific ecological factors: weather, soil properties, and management routines, including the N fertilizer rate. Cai et al. [2003] found that the sensitivity of DNDC to various soil properties and management practices (e.g., fraction of litter returned to soil) depended on the site. In the present study, F1, F4, and F5 represent sites with different weather due to varying years and/or different weather stations from which data were measured. There is also a difference in soil texture among the sites; F1 and F4 were clay-textured soils, whereas F5 was a loam-textured soil (Table 1) . Studies have reported a high sensitivity of DNDC to clay content [e.g., Babu et al., 2006; Li et al., 2004] . Clay content has an inhibitory effect on CH 4 emissions by reducing ebullition through greater entrapment of CH 4 [Wang et al., 1993] and through physical protection of SOC from decomposition [Baldock and Skjemstad, 2000] . The negative effect of clay content on CH 4 emissions is expressed in DNDC through the inhibition of CH 4 diffusion across the simulated soil layers (equation (11)). The overestimated response to N rate at F5 may have been due to a greater interaction between clay mineral surfaces and SOC than could be predicted by clay content alone. However, the discrepancies were generally low at this site (i.e., < 29% for three of the four validation points). At F1, where there were only two input rates in the validation data set in the second year, 80 and 260 kg N ha
À1
, the emissions had a comparably low relative discrepancy.
There is high uncertainty in the net effect of N fertilizer additions, particularly ammonium-based fertilizers, on CH 4 emissions at any site given N rate alone, due to competing effects of N fertilizer addition on the production, oxidation, and transport of CH 4 at different levels of organization (i.e., plant or ecosystem level, microbialcommunity level, or biochemical level) [Schimel, 2000; Cai et al., 2007] . This may be due to differences in plant growth response to N fertilizer across sites due to varying environmental conditions and management practices [e.g., Linquist et al., 2009; Peng and Cassman, 1998; Peng et al., 2010] . The primary sources of C for methanogens, DOC and CO 2 , are primarily derived from the rice roots via root exudation and turnover (rhizodeposition) [Lu et al., 2000b] and root respiration [Xu et al., 2008] , respectively (equations (2) and (5)). Thus, if the growth response of rice to N fertilizer is greater in a poor soil compared to a fertile soil, the response of CH 4 emissions to N fertilizer additions may also be greater in a poor soil. Indeed, simulated seasonal CH 4 emissions were highly sensitive to changes in the root to total biomass ratio (Table 6 ). Root biomass inherently drives CH 4 production [Aulakh et al., 2001a [Aulakh et al., , 2001b , making accurate crop growth simulations crucial for CH 4 simulations.
Process-based models can only be as accurate as our understanding of the system, which is still progressing. There are contradictory reports of the net effect of N fertilization on CH 4 efflux from rice fields [Cai et al., 2007] ; some studies report an inhibitory effect [e.g., Xie et al., 2010; Yao et al., 2012] , no effect Pittelkow et al., 2014a; Wang et al., 2012] , or a stimulatory effect at low N rates and inhibitory effect at high N rates [Linquist et al., 2012a] . Similar to Banger et al. [2012] , who found a positive response of CH 4 emissions to N fertilization, especially at N rates less than 140 kg N ha À1 , the greatest stimulatory effect was simulated at the lower end of the N rate treatments (i.e., < 150 kg N ha À1 at F4, < 100 kg N ha À1 at F5, and ≤ 140 kg N ha À1 at F1) (Table 4) . However, there were no significant differences reported among the N fertilizer rate treatments at either of the dry-seeded sites (F4 and F5) , or the first year at the water-seeded site (F1), but at the second year a significant N fertilizer effect was reported (i.e., 0 kg N ha À1 treatment < 80, 140, and 200 kg N ha À1 treatments). Additionally, the model predicted an inhibitory effect at higher N rates, which was also reported in Linquist et al. [2012a] based on a meta-analysis of 24 field studies. However, the negative effect on CH 4 emissions at high N rates was not reported statistically significant at any of the sites in the current study. The discrepancy could partly be due to insufficient representation of the complex mechanisms at the various levels of organization [Schimel, 2000] , as well as uncertainty in internal model parameters and the spatiotemporal variation in environmental drivers of C and N dynamics within each field. The model predicts an average net effect of the input data, using the same mean soil data for each treatment when, in fact, there can be high spatial variability within rice fields [Simmonds et al., 2013] . This can result in particularly high prediction errors when responses to various drivers of CH 4 emissions are nonlinear. [Fitzgerald et al., 2000; Yan et al., 2005] . The Tier 1 method used to estimate seasonal CH 4 emissions in the IPCC Guidelines for National Greenhouse Gas Inventories for rice cultivation uses scaling factors, derived from field data, that account for the timing of straw incorporation and flooding prior to the growing season [Lasco et al., 2006] . Rice soils typically have higher seasonal CH 4 emissions when flooded during the previous fallow period compared to drained conditions [Shiratori et al., 2007; Yan et al., 2005; Xu and Hosen, 2010] . This stimulatory effect from flooding during the fallow period has been attributed to lower soil Eh at the start of the growing season, effectively priming methanogenesis as it requires thoroughly reduced conditions to occur [Xu and Hosen, 2010] . The timing of rice straw incorporation also affects growing season CH 4 emissions. When straw is incorporated at the end of the fallow period, immediately prior to rice cultivation, rather than the beginning of the fallow period, higher seasonal CH 4 emissions are typical [Lu et al., 2000a; Watanabe and Kimura, 1998; Xu et al., 2000] . Additionally, higher application rates of rice straw during the fallow period lead to higher CH 4 emissions in subsequent growing seasons [Lu et al., 2000a; Watanabe and Kimura, 1998; Xu and Hosen et al., 2010] .
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The carryover effect of some of these fallow period management practices was tested at three of the sites (F6-F8) with a total of four site-year combinations. Although the greatest absolute relative deviation between simulated and mean observed seasonal CH 4 emissions across all treatments and sites (N = 28) was the straw burned (SB) treatment at F6 (465%), the greatest discrepancies for all treatments at a particular study site occurred the first year at F7 (Table 4) . The discrepancies at F7 may in part be due to measurement error due to a very limited number of observations during the first year of the study, particularly during the period with highest emissions, as opposed to inaccuracy of the model (Figure 6 ). However, the model was limited in its capacity to accurately simulate the inhibitory effect of straw burning on seasonal CH 4 emissions across all sites with CH 4 emissions overestimated > 45% (Table 4) . A potential reason for this overestimation is that the burned straw residue (i.e., black C) remaining after burning can be more recalcitrant than unburned straw [Lehmann et al., 2006 ], yet the model can only be adjusted for burned straw management by reducing the proportion of straw residue left in the field after harvest (ranged from 7% to 45%, in comparison to 100% for the straw incorporated treatments). The primary postharvest straw management practice in California is soil incorporation due to state regulations in 1991 that reduced rice straw burning due to air pollution . Since up to 25% of rice straw is still burned in California , it will be important to improve the scientific structure of this aspect of the model for application at the regional scale.
Contrary to other studies [Xu et al., 2003; Yan et al., 2005; Xu and Hosen, 2010] , at F7 seasonal CH 4 emissions were 51.2% greater without prior fallow period flooding and straw incorporation (NFF and SI) than with fallow period flooding and straw incorporation (FF and SI) (Table 4) . However, there was minimal differentiation in simulated seasonal CH 4 emissions among all of the treatments at F7 and a large underestimation in fallow period CH 4 emissions in the FF and SI. Based on the higher fallow period CH 4 efflux that was observed in the FF and SI compared to the NFF and SI at F7 (Figure 6 ), the lower seasonal CH 4 emissions in FF and SI are presumably due to depletion of the C substrate pool due to high CH 4 production during the previous winter. Importantly, despite lower seasonal CH 4 emissions, annual CH 4 emissions in the FF and SI were greater compared to NFF and SI due to the high winter emissions in FF and SI. Due to the poor agreement between observed and simulated fallow period CH 4 emissions across all sites, the cause of the discrepancy of the undersensitivity of the model to prior fallow period water management is unclear. The discrepancy at F7 may be related to the cause of the underestimation in seasonal CH 4 emissions at F1 during the second year of the study, as F1 also had different fallow period water management practices preceding each growing season; there was no fallow period flood preceding the first growing season, but there was the second year, which had considerably higher seasonal emissions. Pittelkow et al. [2013] suggested that the stimulatory effect of winter flooding on seasonal CH 4 emissions may have caused the difference in annual emissions between both years. During the fallow period and beginning of the growing season, anaerobic decomposition and soil Eh dynamics in the simulated soil profile drive total substrate concentrations, their proportional allocation to inside or outside of the anaerobic balloon, and the rates of CH 4 production and oxidation (equations (3), (4), and (7)- (9)). Thus, there are clearly aspects of the decomposition and fermentation submodels that will need improvement to more
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accurately describe winter fallow period C and N dynamics, as well as soil Eh dynamics during the transition from fallow period flooding (or no flooding) to the growing season. Additionally, the physical mechanisms of gas diffusion and ebullition in flooded rice fields without vegetation will also likely need to be improved upon based on the discrepancies in fallow period patterns of CH 4 emissions (equations (10)- (12)).
Seeding System
Although the water-seeded method of rice establishment is the most common in California, dry-seeded systems have become more prevalent . Adoption of dry-seeding methods may increase as these methods are considered a potential CH 4 mitigation option in current proposals for C offset programs in California rice agriculture (i.e., Rice Cultivation Project Protocol, version 1.1, 2013, available from the Climate Action Reserve, http://www.climateactionreserve.org). Dry-seeded systems are sown with nongerminated rice seed into field-dry soil, and intermittent flush irrigation is applied to aid in seed germination for approximately 1 month. Thus, compared to water-seeded systems, dry-seeded systems have shorter duration of anaerobic soil conditions, which may reduce cumulative CH 4 emissions. With different seeding systems compared within the same field (F2), the model underestimated the CH 4 mitigation potential of dry seeding, compared to both water-seeded conventional (WSCON) and water-seeded stale seedbed (WSSSB) systems. This was due in large part to both an underestimation of early-season CH 4 emissions in the water-seeded systems and overestimation of late-season CH 4 emissions in the dry-seeded system. Thus, the problem was the discrepancy in temporal variation in CH 4 emissions and in magnitudes of efflux among all systems. However, despite discrepancies in seasonal patterns of CH 4 efflux for the WS systems at F2, cumulative seasonal CH 4 emissions were in good agreement with the model (8.7% and À24.3% relative deviation, respectively) ( Table 4) . Based on the observed differences in seasonal patterns of CH 4 emissions between water-seeded and dry-seeded systems, it appears that the timing and rate at which CH 4 efflux increases early on in each system was the major distinction between the systems (i.e., earlier and greater rate of increase in CH 4 emissions in WS), although the DS system also sustained lower CH 4 efflux later on in the season ( Figure 6 ). The simulated delay in early-season CH 4 emissions in the water-seeded systems may be due to an overestimation of the concentrations of Mn 4+ , Fe 3+ , and sulfate, and subsequently, the Eh buffering capacity at this site [Yao et al., 1999] .
While the model was unable to simulate the magnitude of the differences in seasonal CH 4 emissions between seeding systems within a single site, the model showed good agreement (absolute relative deviations < 29%) with observed seasonal CH 4 emissions for at least one of the treatments at both water-seeded and dryseeded sites, excluding F6 and the first year at F7. This suggests that the capacity of the model to simulate distinctions between dry seeding and water seeding depends on the site-specific soil, crop, and climate input parameters. In order for the model to be utilized for predicting the mitigation potential of converting a waterseeded system to dry seeding, further studies will be needed to test these systems in side-by-side field experiments, across soil types, and coupled with mechanistic modeling.
Fallow Period CH 4 and N 2 O Emissions
In direct-seeded rice fields with standard fertilizer N application rates and fallow period flooding and straw incorporation, reports on the contribution of fallow period GHG emissions to annual emissions have ranged from 3% [Pittelkow et al., 2014b ] to 61% [Fitzgerald et al., 2000] for CH 4 and from 57% (3) and (4)), (2) allocation of substrates to either CH 4 production or CH 4 oxidation routines (equations (7)- (9)) according to the anaerobic balloon concept, and (3) transport of CH 4 from soil to the atmosphere via diffusion and ebullition (equations (10) and (12)). Overestimation of fallow period CH 4 emissions (Figures 5 and 6) may partly be due to underestimation of the inhibitory effect of clay content on CH 4 diffusion (equation (11)) as well as on rates of decomposition of SOC (equation (3)). Additionally, the inhibitory effects of lower winter temperatures on SOC decomposition (equation (3)) and on ebullition (equation (12) (14)- (17) and (24)).
Seasonal N 2 O Emissions
Across both the dry-seeded sites (F4 and F5) and the water-seeded site (F1), growing season N 2 O emissions occurred at the beginning of the growing season during flush irrigation events (dry-seeded fields) and following field drainage at the end of the growing season, when soil conditions have been reported to be optimal for both dentrification and nitrification processes to occur [Gauch et al., 2003; Knowles, 2005; Adviento-Borbe et al., 2015] . Water-seeded systems are planted with pregerminated seed and thus are continuously flooded during the growing season. In contrast, dry-seeded systems are planted with nongerminated seed and often require intermittent flushes of irrigation at the beginning of the growing season for seed germination. In most cases, seasonal N 2 O emissions were overestimated, indicated by the majority (60%) of the MSD partitioned to nonunity slope ( Figure 5 ). This may partly be attributed to uncertainty in simulated soil hydrology during the flush irrigation events, which ultimately drives soil Eh and concentrations of substrates available for nitrification or denitrification. Higher N 2 O emissions are expected when fertilizer N is applied in excess of plant N requirements, as soil mineral N is otherwise expected to be low at the end of the growing season due to plant N uptake [Linquist et al., 2006] . Accordingly, seasonal N 2 O emissions were generally higher in the N-fertilized plots compared to the 0N control (Table 8) . These results are consistent with a meta-analysis that showed that on average, N 2 O emissions increased with N additions by 216% across managed and unmanaged ecosystems [Liu and Greaver, 2009] . However, in the present study the fertilizer N effect was overestimated in the simulations, resulting in inflated N fertilizer-induced N 2 O emission factors, especially at higher N rates (Table 8 and Figure 9 ). Fertilizer N was applied immediately prior to continuously flooding both the dry seeded (F4 and F5) and the water seeded (F1) fields. Thus, differences among N treatments were not apparent until after the end-of-season drain (Figure 7 ). One possible explanation for the oversensitivity of simulated N 2 O emissions to N fertilizer rate may be due to overestimating rate at which soils dried out following drainage and consequently the rate of increasing concentrations of nitrogenous substrates and soil Eh. These processes largely control the proportion of N 2 O that is emitted to the atmosphere versus reduced to N 2 . Second, the rates of SOM mineralization may have also been overestimated, which would inflate nitrification-induced N 2 O production (equation (24)).
In previous studies, there have been mixed reports on modeling seasonal N 2 O emissions in rice systems using DNDC. Similar to our findings, Cai et al. [2003] were unsuccessful in simulating seasonal N 2 O emissions from rice systems in China. Li et al. [2005] suggested that the reason for poor simulation of N 2 O emissions in rice fields tested by Cai et al. [2003] was due to insufficient knowledge of management input data. However, even with more site-specific information, if the calibration procedures are not described in detail, the underlying causes of improvement in model performance are not always obvious. Babu et al. [2005] report changing the microbial activity index to correspond to emissions of CH 4 and N 2 O at two different sites, and the final value was then held constant for the validation sites.
Based on these results, further mechanistic revision of the model is needed for simulating seasonal N 2 O emissions in rice systems. Nitrous oxide emissions occur under moderately low redox conditions yet at soil moisture levels sufficiently greater than what is favorable for complete denitrification (i.e., N 2 O is reduced to N 2 ) [Ciarlo et al., 2007] . Thus, controlled experiments designed to test the individual components of (a) the soil climate submodel that describe the physical processes controlling soil moisture and redox conditions during
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field drainage and (b) the decomposition and nitrification submodels that describe the biochemical processes driving N substrate availability during these important N 2 O efflux events may reduce uncertainty in predictions of N 2 O emissions.
Conclusions
Evaluating the performance of DNDC in simulating CH 4 and N 2 O emissions in side-by-side field trials of various management treatments is a necessary first step in determining the applicability of the model for quantifying GHG mitigation potentials of alternative practices and for extrapolation to larger spatial scales. New parameterizations for two distinct cultivar types (M206 and Koshihikari) were performed based on field measurements with satisfactory estimates of grain yield (RMSD = 0.90 Mg C ha À1 and 0.69 Mg C ha À1 , respectively) and seasonal dynamics of plant C and N, except for an overestimation in early-season C allocation to straw. Sensitivity tests showed that CH 4 emissions are most sensitive to the ratio of root C to total plant C, which implies that a lack of cultivar-specific knowledge will have a large impact on prediction of CH 4 emission. This study demonstrated that growing season CH 4 emissions in direct-seeded rice systems are generally well simulated, judged by at least one management treatment from seven of the nine site-year combinations having < 29% absolute relative deviation. However, there were discrepancies in temporal patterns irrespective of good agreement in cumulative CH 4 emissions. Given the wide range in observed seasonal CH 4 emissions across sites, a major strength of DNDC was in estimating general site-level seasonal CH 4 emissions. However, a major limitation was in simulating finer resolution of differences in CH 4 emissions (or lack thereof) among side-by-side management treatments (N fertilizer application rate, type of seeding system, fallow period straw, and water management). Additionally, DNDC did not satisfactorily simulate fallow period CH 4 emissions or seasonal and fallow period N 2 O emissions across all sites with the exception of a few cases (i.e., one site had three N rate treatments with absolute relative deviations of fallow period CH 4 emissions < 18%). Uncertainty in these predictions was attributed to uncertainty in both the input parameters due to in-field spatiotemporal variability of soil properties and in the model structure (e.g., clay effects, and simulation routines for field drainage, and diffusion and ebullition of gasses). These uncertainties will need to be improved and accounted for if DNDC is to be used for C offset programs or for extrapolating to regional scales. Although the majority of global warming potential from CH 4 and N 2 O emissions in rice fields is due to CH 4 emissions, more accuracy is needed in the model for predicting N 2 O emissions particularly when most mitigation practices target changes in water management that may increase N 2 O emissions. In order to fully account for mitigation potentials of management practices at the regional scale, DNDC model-directed mechanistic field studies are warranted to further explain management interactions with other site-specific environmental drivers. Isotope tracer studies could be used to constrain the simulated pathways of CH 4 and N 2 O production, as well as the sources of substrates (plant derived versus soil derived) in DNDC. Measurements of soil moisture, Eh, and SOC mineralization rates following field drainage, could also be used to improve model descriptions of soil water dynamics during this time and subsequent changes in soil Eh and substrate concentrations.
